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Transcription factor binding siteOsmotic stress is one of the abiotic conditions for plants responsible for osmotic imbalance. The genes have the
capability to show differential expression in response to such conditions. In order to understand the role of
genes towards multiple stresses simultaneously, a coexpression study is required. In our analysis, the
coexpressed genes of Solanum tuberosum showed a positive correlation (0.91) in salt and drought stresses. The
genes showing similar expression were grouped into ﬁve sub groups. Sub group 2 revealed the highest number
of genes and formed a network. The genes of this network were found to be coding for different stress related
proteins. The largest portion (25%) of geneswas found to be coding for lipoxygenase revealing its role in jasmonic
acid pathway responsible for abiotic stresses. The coexpressed genes were further analyzed for their regulation
by the same regulatory factor. The results suggest that the coexpressed genes were regulated due to presence
of similar binding sites for EREBP/AP2. The gene expression, their coexpression, functional annotation and
coregulation were integrated to form a network. This approach could yield that the coexpressed genes are
under the control of the same regulatory system thus are coregulated and form a network.
© 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Plants, being sessile, have the ability to dramatically alter the expres-
sion patterns of their genes in response to environmental changes
(Hazen et al., 2003). These environmental factors affect plants as differ-
ent abiotic stresses. Several reviews have been published until date on
the understanding of abiotic stress responses in plants (Mittler, 2006;
Cramer et al., 2011). Among abiotic stresses, salt and drought stresses
together are known as osmotic stress. In nature, stress does not general-
ly come in isolation andmany stresses act hand in handwith each other
so, the plants have to deal with a multitude of challenges (Mittler,
2006). Therefore, there must be the occurrence of a combined effect of
more than one stress. The osmotic stress is a common consequence of
many of these factors. The exploration of thousands of gene expression
data in one experiment is a routine exercise. Many techniques like
microarrays have become a standard tool for high throughput omics
data analysis. The expression data analyzed from these techniques are
available in various public repositories, such as GEO (Edgar et al.,
2002), ArrayExpress (Parkinson et al., 2007), Stanford Microarray Data-
base (SMD) (Gollub et al., 2003). The gene expression data provide thea).
This is an open access article under thfunctional information of the desired genes to the biologist. The identi-
ﬁcation of stress related genes by different approaches of genomics,
transcriptomics, proteomics and metabolomics has revealed the effect
of stress responses in signal transduction pathways (Gechev and Hille,
2012). The genes have the capability to show response to many stress
factors imposed simultaneously and participate in a process, related to
each other. Different correlation calculations have been widely used
for grouping of the omics datawith similar expression proﬁles. The clus-
tering analysis eg. hierarchical (Eisen et al., 1998) uses different correla-
tion calculations for groupings of genes based on expression values. The
co-expression analysis thus reveals the response of genes towardsmore
than one stress. The genes involved in co-expression analysis have been
underlying in molecular network formation. The co-expressed genes
might be validated by their regulation, having similar cis-regulatory el-
ements for a transcription factor. The discovery of co expression and co
regulation is an important goal of analyzing gene expression data
(Zhang et al., 2004). The co-regulation study validates the relationship
of correlated genes. To quantify the similarity of gene expression pat-
terns, various statistical correlation calculations can be performed
using expression values of genes. To easily analyze these data without
programming skills, several co-expression tools have been constructed
based on measures of correlation coefﬁcient. These tools are devoted
to the analysis of expression data of model plants only. Most of these
tools have their own database linking facility to explore the expression
data for analysis. There are other tools available for analyzing co-e CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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et al., 2008) forms the co-expression network of genes from plants hav-
ing known genomes such as Arabidopsis thaliana, Populus sp., Hordeum
vulgare, and Oryza sativa. The Arabidopsis Co-expression Tool (ACT)
(Jen et al., 2006; Manﬁeld et al., 2006) analyzes data of A. thaliana
from both single and multi experiments. CressExpress (Co-expression
analysis for Arabidopsis) (Srinivasasainagendra et al., 2008) is used to
compute patterns of correlated expression among genes of A. thaliana.
The tools, each with their own advantages offer a range of different fea-
tures but for our dataset of non-model plants, CoExpress tool (Nazarov
et al., 2013) was found to be suitable. In addition to the tools, different
databases are also available: the databases PLAnt co-EXpression data-
base (PLANEX) (Yim et al., 2013), CoP (Ogata et al., 2010) and PLEXdb
(Dash et al., 2012). These databases have the coexpression data of
known genomic sequences of A. thaliana (thale cress) and seven crops,
Glycine max (soybean), H. vulgare (barley), O. sativa (rice), Populus
trichocarpa (poplar), Triticum aestivum (wheat), Vitis vinifera (grape)
and Zea mays (maize). These databases can be used to explore further
the functional as well as regulatory analyses. The genes showing similar
expression proﬁles across many experiments represent co-expression.
The prediction of function of unknown genes might be facilitated by
co-expression analysis (Horan et al., 2008). The involvement of co-
expressed genes in the same biological processes can also be studied
(Loraine, 2009). In the present study, commonality of cis-regulatory el-
ements in co-expressed genes has been studied. The genes were from
Solanum tuberosum, showing change in their expression in Nicotiana
tabacum. For predicting the cis-regulatory elements, the upstream
sequences have been obtained from Solanum phureja, a cultivar of
S. tuberosum. The genome sequences of this plant have been used
because the genome of S. tuberosum is not available till date. The co-
expressed genes can be further explained by their involvement in
molecular networks. Lee has explained modeling of complex systems
through network analysis (Chae et al., 2012). Various biological sys-
tems, including protein–protein interaction (Fukao, 2012), metabolic,
gene co-function, co-expression (Mao et al., 2009) and regulatory net-
works in plants have already been investigated (Chae et al., 2012). In
this study, network analyses of proteins supposed to be encoded from
co-expressed genes were also performed.
2. Material and methods
2.1. Retrieval of gene expression data
The genes of S. tuberosum showing differential expression in
N. tabacum under salt and drought stress were retrieved from GEO
(http://www.ncbi.nlm.nih.gov/geo/) database of NCBI. The expression
data were retrieved from the series IDs GSE8158 http://www.ncbi.
nlm.nih.gov/geo/query/acc.cgi?acc=GSE8158 and GSE8161 http://
www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE8161. The experi-
mental details have been provided in our earlier paper (Sanchita et al.,
2013). Each gene has its corresponding intensity values analyzed at dif-
ferent time points after the ﬁrst application of the stress. The different
values obtained for each gene under the abiotic stress in different time
periods show the differential expression of the gene with respect to
the control condition. The mean of intensity values of different time pe-
riods were analyzed.
2.2. Filtering of data
The data obtained from the GEO database, were ﬁltered to obtain
highly up and down regulated genes for both the stress conditions.
The genes having fold change value greater than or less than 1 were
considered as differentially expressed genes. To obtain highly up and
down regulated genes, a cut-off of +1.5 and −1.5 fold change was
taken. The log base 2 value of fold change was taken as intensity
value. All the samples represent their expression values in the form oftheir intensity value. To ﬁlter the data, the mean of intensity values of
each sample was calculated. As 1.5 fold change value is equal to 0.585
intensity value, the genes having mean intensity values less than
+0.585 and greater than−0.585 were ﬁltered out.
2.3. Co-expression and network formation
CoExpress v.1.5 (http://www.bioinformatics.lu/CoExpress/) was
used for co-expression analysis (Nazarov et al., 2013). The co-
expressed genes form sub-networks of related genes. The string tool
(http://string-db.org/) was used to analyze and visualize the network
connection of genes (Szklarczyk et al., 2011). The genes that belong to
the same sub-network were interconnected to each other.
2.4. Upstream sequence mining
For ﬁnding, the upstream regions for co-expressed genes, the ge-
nome of S. phureja, a cultivar of S. tuberosum has been used. Approxi-
mately, 5 kb upstream sequence, showing an exact alignment with the
sequences was taken further.
2.5. Prediction of promoters
The Neural Network Promoter Prediction (NNPP) (http://www.
fruitﬂy.org/seq_tools/promoter.html) tool (Reese, 2001) was used for
searching promoter regions in the upstream sequences. A threshold
value of 0.9was used for promoter ﬁndingwhich lies between 0.1 and1.
2.6. Formation of position weight matrix (PWM)
A position weight matrix (PWM) is a matrix that speciﬁes the fre-
quency distribution of nucleotide at each position. It is also known as
position-speciﬁc scoring matrix (PSSM) and is commonly used for the
representation of the occurrence of motifs (TFBSs) in the biological
sequences (Sinha, 2006). The known TFBSs were used to predict
TFBSs in differentially expressed genes through PWMs formation. The
TFBSs were ﬁrst converted into consensus sequence using Regulatory
Sequence Analysis Tool (RSAT-consensus) (http://rsat.ulb.ac.be/
consensus_form.cgi) (van Helden et al., 1998; Thomas-Chollier et al.,
2011). The resulting consensus sequence was used as input to RSAT-
convert matrix (http://rsat.ulb.ac.be/convert-matrix_form.cgi). RSAT-
convert matrix converts the consensus sequence into position weight
matrices (PWM). The resulting PWM was cross validated by the
program D-matrix (http://203.190.147.116/dmatrix/home.aspx) (Sen
et al., 2009).
2.7. Prediction and similarity search of TFBSs
The analyzed promoter regions of differentially expressed genes
were used for prediction of TFBSs. The RSAT-patser tool (http://rsat.
ulb.ac.be/patser_form.cgi) was used to scan these promoter sequences
by PWM generated from known TFBSs. Multiple putative TFBSs for
EREBP/AP2 transcription factor were obtained. The alignment between
TFBSs of coexpressed genes was done using the sequence alignment
tool, EMBOSS water-pairwise sequence alignment (http://www.ebi.ac.
uk/Tools/psa/emboss_water/nucleotide.html). EMBOSS water uses the
Smith–Waterman algorithm to do the pairwise sequence alignment.
3. Results and discussion
3.1. Analysis of gene expression data
17,453 genes with intensity values in different time periods were
retrieved. A sample data set of genes with corresponding intensity
values for both the stress conditions has been listed (Tables 1 and 2).
In the tables, the ﬁrst column depicts the gene IDs. The ﬁve successive
Table 1
Gene IDs of Solanum tuberosum showing differential expression in Nicotiana tabacum un-
der salt stress.
Gene h 0 h 2 h 12 h 48 h 96
BQ119178 0.687 0.731 0.9415 0.369 0.2925
BQ505872 0.3875 0.4425 0.399 0.6665 1.048
BQ506766 −0.5345 −0.5795 −0.6215 −0.4265 −0.8105
BQ513581 1.903 0.58 0.4105 0.4585 0.01
BQ516827 1.433 1.0215 0.249 0.2975 0.9335
BQ120141 −0.912 0.172 0.3845 2.374 2.245
BQ113641 −0.558 −0.208 −0.713 −0.445 −1.017
BQ111608 −0.505 0.5055 0.021 1.7605 1.431
BQ120597 1.0025 0.9975 1.1115 0.485 0.258
BQ504867 0.6255 0.8235 0.718 0.475 0.422
BQ113087 −0.748 −0.7625 −0.453 −0.7005 −0.4705
BQ118964 1.762 0.575 0.524 0.4575 −0.1515
BQ119503 −0.1595 −0.242 −1.0735 −0.8 −0.8635
BQ114078 0.615 0.818 0.961 0.911 0.2075
BQ519398 1.521 0.851 0.8595 0.541 0.17
BQ111869 3.0435 0.273 0 0 0
BQ113295 −0.4845 −0.915 −0.637 −0.5765 −0.9015
BQ113354 1.137 1.147 0.578 0.669 −0.1525
BQ120754 −0.312 −0.7975 −0.4085 −0.388 −1.1525
BQ117792 −0.114 1.2075 0.7525 1.648 1.1425
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given cut off values, the differentially expressed genes under salt stress
and drought stress were found to be 183 and 45, respectively.
3.2. Co-expression analysis
The co-expression analysis was done for genes, differentially
expressed under both, salt and drought stresses. The geneswere ﬁltered
out with maximummean expression value less than 0.38 and standard
deviation less than 0.20. After ﬁltering, 90 and 25 genes under salt and
drought stress respectively, were obtained. A co-expression map was
generated using these sets of genes. The genes having co-expression
(CE) value greater than +0.91 and less than −0.91 were used to
build co-expression map (Fig. 1). The co-expression map revealed 81
events depicting 81 pairs of genes showing co-expression. Red and
blue colored spots in co-expression map represent the CE events. The
positive and negative co-expression values are marked in red and blue
colored spots, respectively. 46 genes were common to participate in
the formation of these 81 events of co-expression. Pawel explained a
different view of coexpression that genes with similar expression levelsTable 2
Gene IDs of Solanum tuberosum showing differential expression in Nicotiana tabacum un-
der drought stress.
Gene Day 1 Day 3 Day 5 Day 7 Day 10
BQ513942 −0.5035 −0.7565 −0.438 −0.851 −0.6065
BQ120141 0.0295 0.371 1.357 1.2615 1.747
BQ111877 −0.4925 −1.5625 −1.234 −0.0055 0.17
BQ508179 0.5895 0.1965 0.4245 1.025 1.025
BQ120562 0.805 0.889 0.9525 0.87 1.008
BQ512634 1.9045 0.595 0.355 0.2325 0.302
BQ113481 −0.251 −0.928 −0.869 −0.5985 −0.571
BQ505656 0.498 0.8155 0.4955 0.93 0.4895
BQ515449 0.5395 0.852 0.824 0.5915 0.716
BQ115010 −0.1195 0.7 −1.34 −1.535 −1.1695
BQ518440 0.6815 0.5735 1.07 0.605 0.605
BQ505084 0.214 0.4435 0.5445 1.683 0.6295
BQ505485 1.5395 3.435 0.278 0.8345 0.049
BQ519004 0.449 0.343 0.947 0.707 0.707
BQ515448 0.5395 0.852 0.824 0.5915 0.716
BQ511653 0.2075 0.8195 0.833 0.7905 0.7905
BQ508178 0.5895 0.1965 0.4245 1.025 1.025
BQ511652 0.2075 0.8195 0.833 0.7905 0.7905
BQ505484 1.5395 3.435 0.278 0.8345 0.049
BQ119556 0.699 0.9065 0.575 1.4645 1.4645distributed in an ordered manner have the tendency to cluster together
(Michalak, 2008). These 81 events have been further sub grouped into
sub-networks based on genes involved in a network. On the threshold
of 0.91, 5 sub-networks were obtained. Sub-network 2 had 26 genes,
which was the highest among all sub-networks (Fig. 2). The genes of
sub-network 2 were taken for analysis of functional annotation. Heat
shock protein (HSP), acid phosphatase, WRKY transcription factor,
lipoxygenase, chitinase and homeodomain-leucine zipper were
the major functions obtained through functional annotation (Fig. 3). A
large portion (25%) of genes was found to be involved in lipoxygenase
protein revealing its role in jasmonic acid pathway responsible for abi-
otic stress (Turner et al., 2002). The genes coding for all these proteins
have been reported for their involvement in abiotic stress responses.
The study of HSPs in abiotic stress is useful for developing stress tolerant
plants. The HSPs help inmaintaining homeostasis across environmental
regimes (Ahmed et al., 2012). The WRKY transcription factor has been
reviewed for its role in different abiotic stresses (Chen et al., 2012).
The study of tolerance using these genes may be a promising approach
for enhancing the productivity and secondary metabolic properties of
plants belonging to the same family.
3.3. Network analysis
The result of coexpression was validated using STRING8.2 service.
This is a database of known and predicted protein–protein interactions
integrated from various sources including experiments, databases and
text mining. A set of genes showing co-expression in a sub-network
can form an interconnected network. The interactions include direct
(physical) and indirect (functional) associations which are derived
from four sources: genomic context, high-throughput experiments,
co-expression and previous knowledge. STRING quantitatively inte-
grates interaction data from these sources for a large number of organ-
isms and transfers information between these organisms wherever
applicable. In this study, protein sequences were retrieved for 26
genes of sub-network 2 through BLASTx. These sequences were
uploaded to STRING to form protein–protein interaction network
(Fig. 4). The tool for network formation yielded 23 genes as three hypo-
thetical proteins were left out. The network showed good connectivity
indicating that the data provided by co-expression is in accordance
with their functional property.
3.4. Formation of PWM
EREBP/AP2 transcription factor was selected for the formation
of PWMs because of its role in the regulation of genes under osmotic
stress. The reported binding site TAAGAGCCGCC was taken and used
as training dataset for the building of PWM. The known TFBSs were
ﬁrst used as input to RSAT-consensus. The output of the RSAT-
consensus was given to RSAT-convert matrix to form PWM. RSAT-
convert matrix converts the TFBS to binary form (Table 3).
3.5. Prediction of TFBSs
For the prediction of TFBSs, the sequences of co-expressed genes
(ESTs) were retrieved from NCBI. We found the full-length gene se-
quences based on sequence matching. These sequences were aligned
with the genome sequences of S. phureja (Massa et al., 2011). The
chromosome having the highest similarity score was selected for ﬁnd-
ing the upstream region. The 5 kb upstream region was selected from
the sequence showing an exact match with the gene. In this way, 46
upstream sequences were obtained each for the genes participating in
co-expression. The promoter region was analyzed in each of the up-
stream sequences. One promoter was selected for each of the upstream
region and all the listed promoters had score values above 0.96. Most of
the values were near to 1 which is an optimum value for promoter pre-
diction (Supplementary Table 1). All the promoter sequenceswere then
Fig. 1. Co-expression map between genes expressed under salt and drought stress.
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based pattern matching approach. Here, the score was calculated as per
consensus algorithmusing prior nucleotide frequency as A: T 0.2 and G:
C 0.3. The ranges of score of putative TFBSs were obtained between the
range of 0.65 to 5.7 (Supplementary Table 2).3.6. Co-regulation analysis
Pairwise alignment of the predicted TFBS for each pair of co-
expressed genes was performed. The identity has been reported to be
equal to or greater than 62.5% in all the 81 events of co-expression
(Supplementary Table 3). Finding such high identity between predicted
TFBSs of co-expressed genes shows an excellent possibility of the co-
expressed genes being co-regulated.Fig. 2. Sub-networks.4. Conclusions
Earlier studies have substantially revealed that genes with similar
expression are non randomly distributed in the genome and have the
tendency to cluster together. Our studies revealed that 46 genes,
which showed coexpression events under salt and drought stress, also
formed a connected molecular network. It may therefore be proposed
that the genes forming a network might have similar function and
may be regulated by the same transcription factor protein at the time
of stress. High identity between the predicted TFBSs of coexpressed
genes may show the possibility of being co-regulated. Several studied
based on prediction of co expressed genes to be co regulated haveFig. 3. Function distribution of differentially expressed genes on sub-network 2.
Fig. 4. Conﬁdence view of molecular network formed by string.
33Sanchita, A. Sharma / Plant Gene 1 (2015) 29–34been published earlier (Sarkar and Maitra, 2008; van Waveren and
Moraes, 2008; Zhu et al., 2012).
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TF TFBS Matrix
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c 0 0 0 0 0 0 1 1 0 1 1
g 0 0 0 1 0 1 0 0 1 0 0
t 1 0 0 0 0 0 0 0 0 0 0
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